Abstract: Allowing for a priori optimization of the robot manipulation to improve the performance in the unmanned environment, it is critical for the augmented reality system to estimate the attitude of point clouds in model reconstruction. The estimation of planar parameter is not always faithful for point cloud fitting, because the gross errors and outliers are not considered in by the traditional plane fitting methods. Our attempt is to combine the random sample consensus and the least-squares method to detect and eliminate the outliers of point clouds for the plane fitting. Optical 3D scanning system is applied for collecting the real data of point cloud from the planar sandpaper. After the preprocessing, the point clouds are imported into OpenGL for the 3D model reconstruction. The modeling process is depicted, too. The comparative simulation experimental results between our method and the traditional methods, such as least-squares and eigenvalue method, are provided. Moreover, our method is applied to the experiment of 3D laser scanning point cloud planes for the attitude estimation. The method is validated on both simulated data and real data. Competitive results show that our method has better robustness and accuracy, especially for the point clouds containing various errors and outliers.
Introduction
With the condition of high vacuum and high radiation inside the experimental reactor, the international thermonuclear experimental reactor (ITER) requires for the teleoperation of mechanical arm to maintain the reactors inside, including cleaning up, repairing, etc. It is indicated that the development of remote maintenance system will significantly increase the performance of ITER. Three-dimensional models are required for implementing different maintenance and services based on augmented and virtual reality [1] . OpenGL (Open Graphics Library) is an open 3D graph program interface which defines the regulation and standard independent of different programming languages and platforms. It is now developed in order to improve the performance of graphical hardware which supports the OpenGL standard. Laser scanners can be used to capture dense 3D measurements of an industrial facility's condition and the resulting point cloud can be manually processed to create a model. In contrast to images, point clouds provide explicit 3D information and their use for modeling applications could result in comparably higher levels of automation.
Among the fundamental problems in point-based graphics, the normal estimation has always gained less attention [2] . A possible reason is that normals can be computed from the range images during scanning. However, due to the noise inherent to the scanning process as well as the discontinuities in the range images, normals obtained in this way are not reliable enough for those reconstruction algorithms. Therefore, methods which can directly estimate the normals from unorganized point clouds are essential. Surface normal estimation can be performed directly on point clouds [3] . So the estimation information will be provided for the teleoper- ation of mechanical arm. The acquired environment model is to serve as a resource for robotic tools that are to perform maintenance chores. The main challenge of this scenario is the transformation from the raw point cloud data into a meaningful, compact representation of the world, without losing fine grained details necessary for tasks, such as, robot manipulation and activity recognition.
A three-dimensional scene always contains a lot of plane characteristics in ITER. These plane characteristics can be applied for point cloud registration, namely, transforming point clouds from different coordinates into a unified coordinate system. The plane characteristics are also useful for data simplification in 3D modeling. Point clouds obtained from laser scanners are always mixed with deviations that might be derived from outer interferences or the measure instrument itself. Traditional plane fitting methods [4] - [12] , such as eigenvalue method [7] and least-squares method [8] [12] , extract plane features from the point clouds. These plane fitting methods put all the data points as valid ones to calculate the initial values of estimated parameters. After that, the numbers of valid points and the invalid ones are recalculated out by these methods. According to the target equation being assumed, the model parameters are estimated and optimized for the given set of point cloud data to the greatest extent. But these methods cannot eliminate the abnormal data, especially when there are a lot of abnormal large deviations. The plane fitting result is volatile. The traditional method performance is not of robustness. The random sample consensus algorithm (RANSAC) is often applied as a robust estimation technique [15] . The basic idea behind RANSAC is to evaluate many small batches of observations, and to choose a larger set of 'good' observation from which a robust state estimate can be produced. Numerous variants of the RANSAC technique have been developed for more than two decades, and a complete survey of all RANSAC-related technique is beyond the scope of this paper.
Proceedings of the 36th Chinese Control Conference July 26-28, 2017, Dalian, China After the preprocessing, the point clouds are imported into OpenGL in order to realize the 3D model reconstruction and interactive operation. [18] , [19] , [20] For the point clouds containing large errors or abnormal values, we present the RANSAC algorithm combined with the least squares method when fitting the plane. The abnormal data is to be detected and eliminated in order to get the robust planar parameters.
Point cloud data acquisition and modeling
The ITER system inwall is often manufactured and assembled by many patches. One patch can be considered and modeled as a plane. The attitude measurement of the target can be converted into the problem for solving the attitude of a single plane. Through scanning the inwall, the point cloud data will be obtained which containing planar information.
The modeling process can be divided into 3 main steps when using laser scanners: [21] 1) data collection, in which we collect the dense point measured from key positions of the facility; 2) data preprocessing, in which the sets of point measurements (i.e. point clouds) are filtered manually or automatically to remove noises. The filtered data are then combined into a single point cloud or surface representation in a common coordinate system; and 3) modeling, the low-level point cloud or surface representation is transformed into a semantically rich model.
Point cloud data acquisition
Point cloud acquisition by using laser scanners provides an efficient way for 3D modeling of industrial installations. Through the structured light measurement and collection, the data are acquired using the three-dimensional scanner. The 3D scanning system adopts the fast optical camera photography following the principle of triangulation measurement. Multiple groups of grating strips are projected to the object surface by the projector. The digital camera captures the stripe images from different angles. Then, these stripe images are input into the computer. Based on the phase method and triangulation method, the computer analyzes the change of stripe curvature, and calculates the RGB value of per pixel corresponding to the space coordinates (X, Y, Z), accurately. So, the 3D color point cloud data are gotten.
The optical 3D CaMage is applied for collecting the real data of point cloud in our scanning system, as shown in figure 1 . The scanner is equipped with industrial high-speed CCD sensors and LED cold light sources. Projective surface scanning technology is adopted in the scanner. 3 pieces of sandpaper are pasted on the same plane. The point cloud is gotten from scanning the 3 pieces of sandpaper which is placed at the distance of 1200mm away from the laser scanning system. The figure 2-a shows the digital image of the planar sandpapers. The point clouds gotten through the laser scanner are shown in figure 2-b.
Processing of point clouds and model reconstruction
The point cloud obtained by scanning system contains a lot of noise and unstable points which are not expected. So it's necessary to do the denoising and smooth processing for point clouds. Point cloud data also contain a lot of scattered point cloud information, like the model's three-dimensional coordinates, reflection intensity, etc. But there is no obvi- In order to show 3D information intuitively, the triangular mesh modeling method is required for the model structure construction. Thus, the real surface of triangle patches is obtained from the test object. We do a series of processing for the model in the form of triangle mesh, such as repair, the extra-part remove, smoothing, correction, simplification, etc. The required data may be fetched. For the convenience of later application, the color and light information of the point cloud are preserved. These data files are transmitted to the back-stage disposals for the augmented reality system. We introduce the professional image software, 3D Exploration, to read data files. The image technology software of 3D Exploration is adopted specially for importing 3DS file into OpenGL. Then, the 3D model may be displayed and operated as shown in figure 3. Random sample consensus algorithm [13] design a mathematical model on the basis of sampling data set that contains the abnormal data. Then, by extracting the minimal point set repeatedly, the RANSAC algorithm estimates the initial value of model parameters. The data set is divided into the inlier points and outlier points by making use of these initial parameter values. The inliers are the data that will be described by models. So, the inliers are obtained to estimate the model parameters. The outliers are the data far away from the normal range. They are also unfit to the mathematical model.
When laser scanner scans the object surface, the obtained point cloud always contains errors and abnormal values due to the reflection effect of the measure instrument itself, the reflecting surface of objects, or the external environment factors. By choosing a group of subsets from the point cloud data randomly and continuously, RANSAC algorithm eliminates errors and abnormal points, gets a valid data model with the satisfaction of robustness requirement.
If the subset of selected data is valid, we can get planar parameters by means of the RANSAC algorithm combined with least squares method. The process is as follows:
Step 1: Select three points from the original point clouds, randomly. Judge the three points whether they are collinear or not. If not, we calculate the plane corresponding to these three points, as shown in (1) .
Step 2: Calculate the distances from the point i to the plane.
Step 3: Set a threshold value t. When d i > t, the point i is considered as the outlier point. Otherwise, it's the inlier one. Then, count the number of inliers, M , and make statistics.
Step 4: Repeat the cycle from step 1 to 3 for k times. Compare all the points and select the plane with the largest value M , i.e., the plane having the most valid points.
Step5: According to the least squares method, we estimate the fitting plane with the largest M . Parameters of the fitting plane model can be obtained.
Here, RANSAC algorithm is introduced to detect and eliminate the outliers of point clouds, firstly. For the remaining inner valid points, the least-squares method is adopted for the plane fitting.
The control parameter setting
About the RANSAC algorithm, the parameter selection has the effects on the result precision, directly. The iteration number k can be inferred from the theoretical analysis. A vital problem with the RANSAC algorithm is that it requires a large number of samples when the outlier rate is high. The threshold is a tuning variable and is related to inliers. If we have some priori knowledge about the probability of inliers, we can search an optimal control parameter of RANSAC. When estimating the model parameters, p represents the probability of the inlier point selected randomly from the data set in all the iterative processes. w denotes the probability of valid points for each time. The formula is shown as follows:
number of inliers number of point clouds (3) Assuming that the model requires for n points to be selected, w n represents the probability that all the n points are valid. 1 − w n denotes the probability that at least one point is the outlier in all the n points. It indicates the probabilities that we estimate a bad model. (1 − w n ) k is the probability that none of the n points will never be selected as a valid one in the k iteration processes. It equals 1-p , as shown in the following:
After taking the logarithm to both sides of (4):
The number of iterations k will be obtained. It is important for the algorithm to select a proper threshold t. If the threshold value is too small, some inliers may be given up when determining whether the point is a valid point or not. On the contrary, the outliers may be considered as the valid points if the threshold is set too large. Standard deviation is the data measurement values deviating from the arithmetic mean value. The standard deviation of the distances from the points to the model plane is selected as the threshold t. According to the error allowances of the actual point cloud data, the outliers can be distinguished from the inliers efficiently. Moreover, the threshold may be selected automatically and conveniently. Unlike most of the other algorithms, the step of setting the initial parameters is omitted. The processes for selecting the threshold t are:
Step 1: The initial values of a, b, c are calculated out using the above model;
Step 2: According to the calculated values a, b, c, calculate the distance d i from each point to the model plane, the formula is:
Step 3: Calculate the standard deviation of distance d i , as shown in (7).
Step 4: The threshold t = 2σ is assumed. The strategies of setting the control parameters is provided for RANSAC algorithm solving problems. When d i > t, this point is considered as an invalid point to be deleted out.
On the contrary, we retain it when the point is a valid one. The threshold is a tuning variable and is related to inliers. If we have some priori knowledge about the probability of inliers p, we can search an optimal σ, such that the probability of consensus set equals p based on σ.
The experimental results and analysis
In order to verify the robustness and reliability of the algorithm, the simulation experiments are set up. The space plane equation is set for fitting as follows:
One thousand points are sampled randomly from the plane. The 1000 points are mixed with multiscale errors and abnormal points artificially.
The comparison of RANSAC with the traditional plane fitting methods
We adopt least-squares method, eigenvalue method and RANSAC algorithm to estimate the plane parameters for the simulation data that contain various errors and outliers. For the data mixed with a small amount of error points, the performances of former two methods are not stable. RANSAC method is of higher accuracy and precision than the other two as listed in table 2.
When the point cloud data contain a large amount of abnormal points, the results of the former two methods become invalid, as shown in table 3. The RANSAC method provides a more accurate fitting result for the point clouds with abnormal points. The RANSAC algorithm costs more CPU time than the other two, when solving the complex problems, but the cost time is still controlled in the acceptable limit. The RANSAC method guarantees to provide the optimal results for different types of problems.
RANSAC results for problems with various noises
In order to verify the robustness of the RANSAC algorithm, multi-scale random noises are added to the point cloud The results of above three simulations are listed in table 4. Compared with the other two methods, the RANSAC algorithm still works out valid plane parameters. The experimental results indicate its good robustness of the RANSAC algorithm. According to the simulation experiments using MATLAB2011b environment on core 2 CPU @2.6GHz and RAM2GHz computer, the solutions are obtained in one second through the RANSAC approach. The performance of our method is satisfying for its capability to meet the requirement of the real-time computation in the scanning process.
The plane attitude estimation study for real point cloud data
The real data are gotten through the laser scanner. All the point cloud data are done denoising and smoothing. We get 97874 points of point cloud data as shown in figure 2-b. But these dense points are not suitable for constructing the plane directly. If too dense points are considered in, the fitting plane smoothness will be affected. It will also lead to the low efficiency of storage, computation and reconstruction processing. Some points are deleted from the point cloud data. Curvature retainment based sampling is adopted in order to reserve the detail information. Parts of the point cloud are sampled from 3 pieces of sandpaper. These strategies help to keep the plane fitting from the overfit. The sampling data blocks are identified by numbers, i.e. 1, 2, 3, as illustrated in figure 7 .
To verify the effectiveness of our method, we compute out the attitude estimation of the plane for the data fitting, The results of the plane attitude estimation are listed in table 5 for the individual block of point clouds. Although there are some errors of the computation results among different blocks, they are still within acceptation limits. Compared to the simulation data, there are much more uncertainties among the real point cloud data. The preprocessing is also vital for the results validity.
We adopt the optical 3D scanning and transmission system in our experiment, in which the data collected from the simulation environment of ITER system reactor will be transmitted in augmented reality system to realize the model reconstruction. The data of normal indoor light environment are also collected for the experimental implementation.
Conclusions
The development of remote maintenance system provokes the progress of augmented reality technologies. The real The parts of data are taken out as the valid points in order to get the initial value by the RANSAC algorithm. Then, RANSAC searches the point clouds for the rest of valid points. Some strategies for the parameter setting are provided in order to improve the RANSAC performance. The experimental results indicate that the RANSAC algorithm combined with leastsquares method can get robust estimation of the plane attitudes. Our research work also indicates that it is feasible for the proposed method to be applied to on-line computation in the real system.
